Abstract-This paper presents a simple wearable, nonintrusive affordable mobile framework allowing physiotherapy sessions, helping doctors and physiotherapists monitoring gait rehabilitation of the patient who may be assisted remotely too. The system includes a set of IMU, Bluetooth compatible from Shimmer, an Android smartphone for primary processing of the data and data storage in a local database. Low computational load requirements algorithm based on Euler angles and accelerometer signal was used for the identification and classification of several stages of gait diseases.
I. INTRODUCTION
Gait analysis is an important human locomotion study to recognize normal or pathological patterns of walking, and its results have plenty of applications in medical programs [1] , physical therapy [2] , and sports training [3] . For example, with detailed gait feature analysis, therapists can quantify the rehabilitation progress of the patients after surgery, and the corresponding treatment and training can be customized according to an individual's status [7] .
Gait may reflect the motor capabilities of humans [4] . The information of the human behavior in gait rehabilitation such as walking speed, walking distance, and gait pattern is very important for medical diagnosis of ambulation, progress of gait pattern, and estimation of energy consumption. [2] .
Rehabilitation can help elderly to regain their motor ability through physical training. Its efficacy on relieving pain, improving strength and mobility, and training the subject to perform important everyday tasks, has been demonstrated [2] . Usually, physical rehabilitation exercises are performed in specific medical centers. However, the high costs of special equipment and human resources, limit the number and availability of rehabilitation centers. As a result, a growing number of people, especially those who live in small communities, cannot enjoy the benefit of rehabilitation programs [1] .
Changes in gait reveal key information about persons' quality of life [3] .
A simple and accurate measurement system is required to evaluate the efficiency of rehabilitation [1] .
Inertial measurement units (IMUs) including combinations of accelerometers and gyroscopes have been successfully used for assessing gait characteristics and the quality and quantity of physical activity in both healthy and motor impaired population [5] .
In this paper, a wearable, non-intrusive affordable mobile system is presented allowing physiotherapy sessions local or remotely helping monitoring gait rehabilitation using a simple algorithm based on Euler angles and data collected from IMU devices positioned in the right leg shank. The Euler angles vary along the gait cycle depending on each type of gait. The algorithm consists on calculating the value of the Euler angles along with data from the accelerometer contained inside the Shimmer3 IMU. These values are used to calculate the standard deviation and the ratios of the Euler angles minimum absolute value to the Euler angles maximum value. The signal representing a person's gait cycle may have some differences concerning amplitude, shape, gait cycle duration depending on several characteristics like age, height and gender which makes it difficult to find fixed values of Euler angles and acceleration that can describe a gait type. Hence, rather than establishing fixed values to describe gait, it is important to find ratios. Regardless of the amplitude and cycle duration, experiments in this study showed that gait cycles from different persons tend to have similar ratios concerning same types of gait. For these reasons, the proposed algorithm calculates ratios of Euler angles absolute minimum values to Euler angles maximum values and takes also into consideration the percentage of time during a gait cycle where a typical value above a relative threshold describing a gait type occurs. Statistical measures like standard deviation are also taken into account.
The remainder of the paper is structured as following. In section II is depicted the literature review. Section III summarizes the proposed method and system. Section IV describes the results and discussion and Section V the conclusions.
II. RELATED WORK
A wide range of gait analysis systems have been proposed over the years. Alcaraz et. al [9] proposed a system using an IMU Shimmer2R and an Android application for mobile gait performance evaluation and feedback where the extraction of important features from accelerometer raw data in both time and frequency domain are considered to be used in gait classification where each peak within a data window is processed to distinguish between normal and abnormal gait. G. Cola et. al, [10] proposed a method using k-Nearest Neighbors for capturing deviation in gait using a wearable tri-axial accelerometer placed at the waist (Shimmer2R IMU). To this purpose, eleven acceleration-based features were extracted and provided as inputs to an anomaly detection algorithm. Gait is detected by analyzing the peaks in the acceleration magnitude, which are generated by the ground reaction force when the foot hits the ground. A new gait segment is detected when eight consecutive steps are found. Feature selection was performed by means of a greedy heuristic approach, starting from a set of 43 features [10] . The optimized metric was the average classification accuracy obtained by the anomaly detection algorithm. Mean, median, Peak-to-Peak amplitude (P2P), RMS, standard deviation, and Zero Crossing Rate (ZCR) are statistical measures which have been widely used for activity recognition purposes. Duration is the duration of the gait segment [10] . The proposed anomaly detection algorithm is a binary classifier based on k-Nearest Neighbors (k-NN) analysis. Gait instances are either classified as abnormal (positive) or normal (negative) [10] .
III. SYSTEM DESCRIPTION
The proposed system is comprised by an Android Smartphone and an Android app developed for the purpose that controls the system, a remote server using Java and Python programming languages for data processing and classification using machine-learning classifiers, a database and Shimmer3 Inertial Measurement Units (IMU), figure 2, that includes a triaxial accelerometer, gyroscope and magnetometer [8] , attached to a person's right side leg shank and that connects to the Android app via Bluetooth. The proposed system is illustrated in figure 1. 
A. System Description -Hardware -IMU
The hardware of the system includes a Shimmer3 IMU.
Shimmer is a small wireless sensor platform, well suited for wearable applications. The integrated kinematic sensors, large storage and low-power standards based communication capabilities enable emerging applications in motion capture, long-term data acquisition and real-time monitoring [12] . 
B. System Description -Software -Android App
The developed Android app uses Shimmer drivers to establish the connection via Bluetooth with the IMU. It allows the user to get the result of the gait session right after stopping walking. It also enables registered users to make gait monitoring sessions. The data is collected, sent to a remote server and classified -with a classifier model trained and kept previously in the database. The results of the classification are sent back to the user's smartphone and are kept on a database. A user with extra permissions will also be able to collect data in gait sessions to train the classifier and create a new classifier model that becomes immediately ready for classification.
C. System Description -Software -Gait analysis and classification 1) Gait analysis
The gait analysis is performed identifying the gait cycles in the collected signal using segmentation for features extraction and classification, using Python programming language. A gait cycle has several phases, stance and swing, starts on a heel strike and ends on the next heel strike. Hence, in order to identify each gait cycle, the proposed approach detects the stage of the cycle where the heel strike happens.
For detecting the heel strikes, the Euler angles are quite helpful. In this case, as mentioned before in this article, the Shimmer3 device is attached to the leg's user having its YY axis parallel to the leg with an angle that measures approximately 0º -depending on how accurate the device is calibrated and on its attached position -when the user is on single support, and creates a maximum angle when a heel strike occurs.
2) Classification
Machine learning methods such as support vector machines (SVM) found application in automatic recognition of pathological gait [5] . Gait classification studies involving SVM classification have reported high rates in recognizing gait alteration [5] . Support vector machines (SVMs) are a set of supervised learning methods used for classification, regression and outliers' detection [13] .
The classifier used in this framework is SVM: One-vs-therest (OvR) strategy with the linear model LinearSVC. This strategy consists in fitting one classifier per class and has high computational efficiency [15] . Multiclass classification is applied given that in this system more than two types of gait are studied. In OvR a class is fitted against all the other classes and is the most commonly used strategy for multiclass classification [15] . The system classification is performed in the server using Python machine learning software like Scikitlearn [15] and SciPy [14] .
The feature extraction has been performed using features from the gait cycles: 
TH = [MAX(E) − MIN(E)] * 0.7 + MIN(E)
(1) % > ΤΗ = Δ{Ε>ΤΗ}/Δ{Χ} (2) c) Ratio (R) of the minimum Euler angle amplitude to the Euler angle maximum amplitude:
R = MIN(E)/ MAX(E)

IV. RESULTS AND DISCUSSION
At this stage the implemented gait assessment system was tested in laboratory with some volunteers who volunteered to walk and worn the IMU Shimmer device attached to right leg shank In figure 3 collected Euler angles (degrees) over time (ms) are shown for YY' axis illustrating their shape and how important is the information they carry. The wide range of amplitudes along each segment is really helpful to extract features for the SVM classifier. Experiments with the proposed system have revealed features extracted from Euler angles from XX', YY' and ZZ' axis to be particularly relevant to help identify different gait types as well as from the accelerometer from YY' and ZZ' axis. Data from the Shimmer3 accelerometer XX' axis, gyroscope, magnetometer and altimeter are also available. However, for the studied gait types this additional data did not improve the classification and in some cases showed worse results.
The classifier has been trained with data collected from 4 users depicted in table II who volunteered to walk in 4 different ways representing 4 gait types and classes. Afterwards gait has been tested with data collected from 1 out of these 4 users. The 4 studied gait types and corresponding classes are described in Table I . Type 2 + leg with wide semi-circular trajectory: Considering figure 2, the user leg makes a circular trajectory while going forward: the Euler angle from ZZ' axis is higher than in regular walk.
class 3 type 4
Type1 + semi-circular trajectory class 4
Gait types and classes
In table II are presented volunteers' biometric characteristics that have participated in this study. The 4 volunteers walked approximately 20 meters in a flat surface for collecting data to train the classifier, and one of the volunteers, user 3, walked from 3 to 5 meters to test gait types. The following table, table III, depicts the classification  results expressed in decision function and score for the gait test  sessions for user 3 from table II and gait types defined in table  I . The decision function returns the distance of each sample from the decision boundary for each class and the score returns the mean accuracy on the given test data and labels [13] . Each table row of these tables correspond to the classification of a step and the score corresponds to the mean accuracy for the set of each session steps. Each step has been previously labeled with a gait type from table II. The score given by the classifier to the classification result is calculated by dividing the number of correct predicted gait types by the number of labeled steps as shown in tables ahead with the classification results. The steps are predicted by the classifier according to the highest value of the decision function. The decision function column has 4 subcolumns corresponding to classes 1 to 4 from table I that in turn correspond to gait types 1 to 4 from the same table. Hence, the class with the highest decision function value corresponds to the predicted gait type. User 3 scored 1.0 for all gait types.
All the classifier predicted labels matched the labeled gait types tested. Results for user 3, prd = predicted
V. CONCLUSIONS
In this paper, we described a wearable sensor framework that can identify different gait types using Support Vector Machines. The proposed system identified correctly 4 gait types carried out by one of the users, with good classification scores (1.0). The developed algorithm consists on calculating ratios concerning Euler angles and data from the IMU resulting in a flexible system to identify gait types across different users. This work depicts a low cost mobile framework that contributes to help gait rehabilitation.
As future work new features will be developed regarding falls identification, a regressor in order to predict the patient evolution in the forthcoming period taking into account the past evolution. Regarding automatic report generation new features for generating a pdf report including the physical rehabilitation session details will be considered. The biofeedback will be also considered thus new features that allows user interaction during the physiotherapy sessions like the production of sounds according to the gait characteristics will be taking into account in the future developments.
More classification features will also be extracted both in time and frequency domain in order to improve classification results. Additional classifiers will be considered for the current application and appropriate comparisons between results will be carried out.
